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G.ARBESANREEARTHNERUFT LR, XEAEERL, BREL, BERLE LR
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(Value-Added Model, VAM), MAFEFNE LRIE A O FERIATE RS — N THEAEF (Alin
Education, AIEd) MHIELERL “RERER” R “Bdaiks)” WaininEBa 88 Ll EAE
O, EBAEBRSAL 2024 RN RRAE N TERBEMNE, 2EROEBT 170 AMERMHIX
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BHEATERTHEERmL: £ rilH G aEER
AR R, HEZ R, BIEZIR, 1EAREF L EATTRH,

SRIM, TEX AT B LROETE T SLHIEOR IR+ 2 T, —TERAWRHIRBRIEAETEAY 5K, 2020 4F, J2[E A-level
AP ERIEAE G, S8 =F R BTN Ofqual BABEREE N AAIRE KRS ZEIEIFAR
[ H RIMEAE AR O ETENR, AR RIR N “FHREN", A, HBTERS2BN:
FIRRGUEHRE 232 AN 55 3541 X 22 AR 1Y 0 BOR R e AR —— 1R 25 S8 051 rh R N S5 2 —— T FA S
SERE MR AT T S8BT FN— R E S E @i 8@, FHEE, RN, 7Rk
BANKIMREEIR T THESH “NAEERRE", ERRA TBURHINE; AL AR R A BT
K. PisEEdE “faE” mEER R e E TSI UE L —# S5 2, AR R SR B = M
FREURIRATAAR, BEEIEHAIEN “ARMIZIX AR X— “BEAE" AR EBUMEEIERRR 2
KA T AR, E 50 5 EMAERIED, ROy RERIE ALIAEE bR EARE N
B R, B RAMMHE 77 48R T — Mb el : Bikfm (Algorithmic Bias) A2 —MAZAIER
W, TR AR T (Structural Inequality) TERCE—HI— 38 S HERS P 1 RGEMEMLET S5 A,

H2[E A-level ARG, TERVEFERR, S2EZ NN AIZZEXAME HZUMSERT (VAM) 3K
PGB ST — 2@ AR AR AL BT | T RISEPR ST S RATNAY “BIERS” Z RIRZE
SR RZUNE “FAMME", ST, ZTMSHFFREM, VAM NEBIRRER &SEARE (F—Z8IHEA
[FAFE A IPIGR S AR AN L), HRGHEETITARE R AT &AW, SinshtE X 20— A2 A
JIXEHITEAT 2, T2 ot TR 222 TR O SR AR S it o LBk D, — SR BUEL N VAM
AR PRER A e e B R, 2R T BIATE DN BB A THEIN K “EitE %" SHRIEY “ARE
BRFE” AUARAMEIZ IR,

e E, Bk R RE SR T TIRENHY., g “EEAE" IR, &K Al
HEFMUWNEEFRH—EREAERS. BIENESFEUR Al WhHHE I 54 E 2 TR
% TROAT T I N AR RS, SR, IXLE RGO I SRR 6 i h T 2R R Ik M X L R
R, SRR FEER AR R, SRR X 2 DR R TR 7 BRI R B e B2 A il s 220, —
MEACH T HHE X E R P22 EE RIZRERAAIEC W RS, ARSI R A RTINS NER, H
BUTRERIRATREM 920 TS RIE 60%— REFNEMALH “bug”, MRENEEMNE Wt X
RKAEREGE, XA “BAEEX” ERRARIL, TERART & E IR a2 2 2RI,

BEEFERENZ, BiE 2023 £LOK ChatGPT. Claude, Gemini FAMKIEFEE (LLM) 1E4H
SusrRE R BIE, BiERINEREELH —HIRZI “VENEKIE", Z4H AIBd Fikim W F 227038
FNAL ) — BN AN RIBEAA 4S 22 A R AR S (a0 “m MURS/ARRXURS: ™ M /ANl ™), Hofw WA
NG BB ARk, 28T, ARG AL R LERATT R4 TIRA MR EAHES
—/NEHEIPRSS, T2 BRI HARE S A —IRIE RN, BRI, ARG, IURB. #
TR H —— X S A B VA e — DN FRIAR S S AR i, sEhnisd, s gD, 4—4
LLM A—RZ W2 HCE A A SR RIRTEIE R, IREMEAREKE _E KRG T 0 B4
(DMeadows M, Black B, Sherlin G. Ofqual’s Approach to Grading in Summer 2020 [R]. Coventry: Ofqual, 2020.

(2Kolkman D. The (in)Credibility of Algorithmic Models to Non-Experts [J]. Big Data & Society, 2021, 8(1): 1-14.

(3Baker R S, Hawn A. Algorithmic Bias in Education [J]. International Journal of Artificial Intelligence in Education, 2022, 32(4):
1052-1092.

(HAmrein-Beardsley A. Rethinking Value-Added Models in Education: Critical Perspectives on Tests and Assessment-Based Ac-
countability [M]. New York: Routledge, 2014.

GO EE, BF %, HEH. HAALEE (Al): ARALEH#EFER [J]. B %K FH %,2021(1):5-15.

©OFEERBEF R ALE#ALERE (2024 4)[R]. Jat: F B 83# 15 % ,2024.

(PKasneci E, Sefiler K, Kiichemann S, et al. ChatGPT for Good? On Opportunities and Challenges of Large Language Models for
Education []] Learning and Individual Dz_'}f%’rences, 2023, 103: 102274.
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ATEHRHEFRE F26F 11
FRIVIIBN, X2 5 ) LA S BAEAEA B2 R B e br i ik — RO I B s 3k E#E L “1E
7R BN, IXFRRRIE R IAL (Latent Bias) A4 T AIEd BIEIGFRAYEHTRIZ

HE VBN R E R AT URIMER, IEF —PNEANRANERE: BHE ARG REELZTS). MR
EERERATRNEEHD, EARESIHIERRS, HERNERS MRS EE L, St -
M) “Bh" M —DRIERGE “£3" TEEREHFERBRAL SR, ER. RS, B
AL “TN” AR— R ARSI “EH” D ENAR, HRMTREAAALL “F0” R
$7 MDD, ENRENR, BiERNERE P RE M RIBIER” (Feedback Loop) : 4%
G4 “ASKATRERRE)” FHHHBE IR DN A ISR RIE ARSI AERRIRA RS, miX— FEX
bk CBAE TR RIS, XA RSB S (Self-Fulflling Prophecy) 7E3(F %
IRGTITENER—e AR T MAZEA AR RN, B8R 70 R DL AT TE A RE R 2 A
ARG H, 15 BT BT KRR, KARRMABEH S A ERITRENAE RGN AT
FHIEL2So

TR X — IRk A, 24 A2 S I SON SRS A AIAE “ BRSO RNRE™ (355 ] B8 KR A
REETRIERMEA “KRU” (Debiasing) BoR—EHEE RAE (Resampling). BERILTH AL (Constrained
Optimization) . JEAHRHE (Post-hoc Calibration) SO, XL RTFBYAE HARA I TAE:
EATREBERTE M), & TEWAI A B R N B R A e AR R 2 5, AR, ASCRAE 8
THRRGICUE, X& “BEEA” RIGHAGEIEMN, SUGRIEGELE —VRHEBURIT TR SR i
R AR R XURS —FF—— BB T IR S5 MEARTR,  JF DUR R “BoRBERE" 1EiR T EIERHIE T
T, BENERZINZ, iR EARA S HlG— D L ESOEHIRARE : R0 R R — K
SRR RERAIN G ES, XE®E “HARAT EHE LI —R—T AR LR — M EER
TEAt S-S -BUA TSR F IS £ 77 Pk S BT EHIET AR, idE— 1 R] DA CARIMAE i sy i 4a
HE RIHARSEALA A,

X RO EA T A S ANE S R RIIE B, ERLARITThRIE H, P77 2 R IR A (Al-
gorithmic Fairness), AJ[AI3EM (Accountability) SiEHE (Transparency) —RIFTIERY “FAT JEN” —
FHCHE T EFOEIER S, R, XERBEEMDMDENEX, F—, BRI HEE
(nyrEE s, S2UXRPHE) MSREE QISR NN AY R, B AEE SRS
FAREZ —MABE R EHN R R T R ZH) . AT (TR PUEd Tisks) firE
Zott (FEBREAIET “BER”) FHRER, SaEMERMOUREEARRER, ArlfEREHE, 58
=, WAWRILPFREAE “ALEER” (Global North) HUIEHEH I, XHhE. ENESEREHKEHERSA
o AL i WA AR S—AR e e, 2REZESEIRES. M5 ZRABHKIIF
— = KM,

TERSCEERTE, RT AL BE fw WA R IEAE RS H AR R G IR BICIR R, XS 522 i xt

(DWilliamson B. Big Data in Education: The Digital Future of Learning, Policy and Practice [M]. London: SAGE Publications,
2gb’Neil C. Weapons of Math Destruction: How Big Data Increases Inequality and Threatens Democracy [M]. New York: Crown
Publishers, 2016.

(3Ensign D, Friedler S A, Neville S, et al. Runaway Feedback Loops in Predictive Policing [C]. Proceedings of the Conference on
Fairness, Accountability, and Transparency. New York: ACM, 2018: 160-171.

(9HMehrabi N, Morstatter F, Saxena N, etal. A Survey on Bias and Fairness in Machine Learning [J]. ACM Computing Surveys, 2021,
54(6): 1-35.

(5)Chouldechova A. Fair Prediction with Disparate Impact: A Study of Bias in Recidivism Prediction Instruments [J]. Big Data,
2017, 5(2): 153-163.

(6)Selbst A D, Boyd D, Friedler S A, et al. Fairness and Abstraction in Sociotechnical Systems [C]. Proceedings of the Conference
on Fairness, Accountability, and Transparency. New York: ACM, 2019: 59-68.
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BAATHRFOHE RN & RALH 5 EER
HIEAHIIPEIRAMET T BERIKSECF PSR SR SRR RIRD; i ERAEEIRBATE 2024
AL RRIRE T E IR GRS IIE THE AL KBRS, BEEE (BERERL 2.0 730D iz
T “aenE, REEM” KRN, A, M REER" B “BRIEERT 20, PHAFE—RERK
Bi—RENAREZNOS, ME—EGHIERE, AERRE, GHlERNRSMERETTE,

ERETIX—HIM, ARt “BERRM AT (Developmental Equity in Education) X —#% 00l
Do AL IR BE Al FPRIR R WAZE IR X ERIBOR (w22 SO ER R, T2 EE A T5H
B, SHFERREERE YU, HETREHAAMCARRRME: AR “H
Wi BERSEA, MR IEERKAPIARIETR, HERRAZ - RENZRER, THRFEAEEER
ERERAI MR, B, #E ALK SN ER—uREMREEIE LR
B ANBE SRR BYE, [ WERBBIN R R AT T

BETPx—kobdl, Al “NR—Ial— B SR ERT, E5E, MWERNLIHINE &2
SEREMRH IR R WAE R Al RSt WEURRIB IS ) 2L A —ACOBN “fm WK 287, &
AE A “fm DUMBIREE K™ DAK: “f A+ 28 Rl B, Hk, g g “Kim " B4, ERF
PR BHEPRINTET G AR REER” (ELIEE RS, WE—EMEER® I, NS R H
PRI ZHE BTSN, PR, REUHEL Al T AT R m IWBR L (FUCEE I ZRrh— /e Ab 3, fEARINE T
RO ELAT RN A% FUE HRE A, B, MR AR BN “FoRE EF: X (Techno-Solutionism)
MRIRTESKERE, BN “BEEALT @ “ANIPRIAE” FTEER, LG ALTEZE, EE ATRS
PrES HE CERATEREMRSS EREIT0E) KRR, R AT EEERIA - iaH
TTR——MEm BB PSR, AT, WR TR, PuERBERRIEAER.

—. Bk WRE L] . 2RI RS

Bkm W AR A AIEd Ry “ORZm”, MarddaRE. BI%G. RaHE
HHPRZENSE— MRS R BIIHICRRGNE Y, EHIEFEBRHE Al PRI,
TR —RPRANTH G ZER “HEMR” 77 IE— A2 ISR EE (AR AR Z R,
meE—E—Em M2, BRI EEIER. HRR, HEEMZEZEPZUTHAE R, $Eig. B
RH LA BRI B AT MIYNEE N X — 2R AR AT RGMEIE

(—) BdEmW: PR ARECFL RS

i W2 B Do BRI w53k, 2 B DA a AR i S S A B v PR A . AR DA
IRARBRAY — 3R HAZOALHIAT DA — A7 IEMERS . AL BRI ZREHE A Sl e i -2 - & F R
A=, IXEEEAE P IIEA I AR, BN B FR SR P A5 IR S RTE R “REs”
EBE PO, Xl “HaE” MRRHEET : BURERE LBER IR R B IRFIiR—F R
SR HERR, (RSN, RE S 5HR—ABE— MU T GRS B AN 2 &0

o m W BRIy =MH B R, S — @R ML (Representation Bias) : JIIZr¥dE R
REEXIS BRI HAREHA, SBEADY “BdaFE" RHARTMRE LS TN “BAEmEe” FEARR T
FEE, XA WAEZ B USRI NS . B, 1EEIRARARN )RR R ™ Eik = a7 &
N EvE X D EBRIE S, SEERTTIEE TS AAVE) BIERL, ZRGULCE R RIX AR
O E, KER, RFE HERIGRFARHREESNHERH—E T TR0y S ATM [J]. B FTH
7,2022(9):53-62.
(2)Suresh H, Guttag J. A Framework for Understanding Sources of Harm throughout the Machine Learning Life Cycle [C]. Pro-

ceedings of the 1st ACM Conference on Equity and Access in Algorithms, Mechanisms, and Optimization. New York: ACM, 2021:
1-9.
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ANTLGHHBEAR H2H5F1H

k=, Koenecke 2 A 2020 418 (EEERPERFF) LRBMHRKRM, LREAIESIHIIZR
GONAFEEEAERHIRRZ O AIERIEME, EHE T, XEWREHH ALFTRENIRES)
FESANE iy, REFPEIES B RNAAENK SRS IR 8 “Irgs”, dmSB0LiRE
S5 EPARAG, R0, mEIRAIRSHE F 2 B A ALEERIIZR, NN R AR I A R
¥ 2R T%2, Buolamwini fl Gebru EEJFOIMERY “Gender Shades” R AR, IBM AR A E IR
RGN IR R R FIRZR SR 34.7%, TR et B2 ik 53 MERG R IR A 0.8%—IX A2 — M/ N
PEREZRE, M2 — TEEENIGE, YXERFARTE DR E L SR EEE S ORISR FT RN,
TE BRI A KT R G AR B R R F I 5 | 2 B 22 BIAE R AR5

B AE P W I (Historical Bias): BUEIIZGEHEIER T L “Fe£MER" T 480 A DM RLERF], (=
AR YR ARG RETEIR RIS EAR TSR, AR 20X e Hda st “dmis” IE R E XA, 7
s UL EdE m WL AP o RRRE ERTEAS, BN EAR— MRS “Z IR — 53R SRR RAE R
A, MREWE SRR T — NSRS A R AR I SE R, TEEE U, 5w AL AR 52
Bl E &2 HEE S HEPEEEFREE RS SR ERIER" ) BT e L TRE
WA HEFEREE T2 OX 2SS =Y, mAEL B TR AEIEE), B
KAt “SE” WM G S 4 HEARAYIE RO TR, 00, (5 A O 25 A0 1 2k i ) e 2588
RIIFBREmEER, HAU RS PR B EE N— ENW S AT ZE 4 AL 8 T EAT
IR RO, foXEeRIh, EERE U B SE AR T eI R ES: M
Bt R IO R, MRAE TEE R B RS HEAR LRI S SR & R B WU,

5 =MENE WU (Measurement Bias) : X220 E TSR H e ZAENA A S HE Y I DL2RAY, U &
DASHYZ R “HiAR” BE—MEa (0 “Slee))” “EIRAT “BUNAKEE”) AU ERTEIRAS B AR S
LEEHANRSAIEAR, Flan, DA “TEL¥SIEERAELRET B8 “EIHRNE” (ENE, BRAEME
MR R R 52 R 1% 4 R AR T T I 3R AR T N 4 B NI AR 22 R NARED, [AIRE, DA “BRIEALI
KRG BN “FRB7 E—E4EE, HRAMEHERAEEONE 11, S, shFREIEFIERE
TRAERE R BRI —m SRR E R E S AT AR B AR, & W MBI BARS 2 AL7E
T, BIEHEPCREZ AT CAOUE TS E R “B U7, MLtk “BiR" —X 22— E SRR A
AR ET L

(=) B8 BEME R RIMERRA

MREIERAZ “FEMR BEAESH, IBABERREALNE “MT T ZEEN R, R
TR B EdE, hifERERIR, BRI, b BFRIZE DU IENMESRIgE — RAIE “4itoR” T
FROURZ W, X—EHRAENRE, FEATFEFERB T AR ENRS, $HRE “Har
" IHEREREE,

AR W, (Proxy Bias) J& A58 i WL i U th i B PE R R IE 2, S iR A eBCR A (R FE SR
M. MRl RECEGURBIER, HiE TN SR 2 & MRHESEFFEER, DOV ER —55 k%
HTHPRIEA, SR, BT “OHR” 1Y B2 B3R IANE S BURE S AR R E” (Proxy

(DKoenecke A, Nam A, Lake E, et al. Racial Disparities in Automated Speech Recognition [J]. Proceedings of the National Academy
of Stiences, 2020, 117(14): 7684-7689.

(2)Buolamwini J, Gebru T. Gender Shades: Intersectional Accuracy Disparities in Commercial Gender Classification [C]. Proceed-
ings of the Conference on Fairness, Accountability and Transparency. 2018: 77-91.

(3Dastin J. Amazon Scraps Secret Al Recruiting Tool That Showed Bias Against Women [EB/OL]. (2018-10-10)[2026-04-16].
https://www.reuters.com/article/us-amazon-com-jobs-automation-insight-idUSK CN1MKO08G.

(4)Jacobs A Z, Wallach H. Measurement and Fairness [C]. Proceedings of the Conference on Fairness, Accountability, and Trans-
parency. New York: ACM, 2021: 375-385.
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BEAIF P OEERIL: £RILE G EEER
Variables), @it X L6 M2 14 B S A5 - AR T S B | A s, 108 i eh, HISEC Y
A DAEA MR ST AL R, 12985 77 3R] IR ROBAI E RSO REE, RIges —URFE S
Al DWE NS B AR B Z R, BRINESIS S5 (R vs. B53R) Al DUMENIT RS M RIREL, —PE
R L “ERARE” FARMBEERRBEE, (TR FIRINE S BRI AE AR m AR
W7 HEAEREEE R —RE AT IXMER I HZ AR, IR T — DN ZHIESL: ey
EZSW, “BRRBUBIRIE" SUR—Rh B A5 2 5 D,

RRIUHIAIEIAM: (Opacity) R TR R LA S B pRfe, X AIEd RGTHOREZ R TR i
Mz (DNN) FMIKESER (LLM) Fmdh, ARt ImBimpgs iz, X s 5 /28t
LAZEI “BR" PG HIINEER, A N— BRI L B C—ARENS 72 T R A fa X
RIS, Cynthia Rudin 78 (EA-VIEEEE) HARISREMEIS S PARBUNTEH: 755X
R (BAREE), Y B AR T S o 0 FR RS T MR8, XA AT R
PEAETSH i DA AN 5 2 IE AR A AR O IR . AN SRBATTER A AIEAE R “ (2" I — R A b
) EBEENR” BORRBUTIEE N REIAE” — BTSN MR A 2?2 ANEAEAUE—
MIRRIR, BEAENIHERE EHDE TIRZIANIR: SRR ZE (R RALARIRIEAREIRN) 22k T
X RGUZRAIERAAY, TR RGN R IR H) ER—F2E, B0l RK— WA ERHEBRAE P Re A o &
HIRTREME 2 Sh,

Lt BFR{w M (Objective Function Bias) /254w LR S MRS ERTEE = MBS, B—PlaR SR
FEYISRIER TR Z— DRI UL Bbn (RREEED, XN EARIEREAR Bl &5 & IRZI AT E A, =
—/ AIEd ZGUR “TN“2 st fEAME—RIUC BARi, EsE e R E i el e RS — 4
A DUVRE P B STREER—F I 0 8, MAMER4ERIE T, QIENIER. ARERIEE. 1Hr
(B 2 R —— XA B AR OME R RAT B TE R A A Fp IR, Gert Biesta #5iX
FERERAR S “PIE 2 BB (Tyranny of the Measurable) : 4 FATHAU AT AR AYZRPERN, FRATTSHSE
ERAEIENE T ERE Xt 202 “HEET —X2—MRENIMERE.,

(=) HBmUL: MLIERIHEFR “BHEL”

—MESER A TIEE TR AU R, RS 2 H ST R R AT RE - AL T B Y
i MMEJE R, 1A “HRB UL J5 TR M SZ I R A B B A R RIERS I R rh, SRR B R &
(Context Variables) #{ZZit{H “7&%” (Evaporated) T,

Selbst FEAF R XRIMGHABREHIAR N “ 2 IR ALRERE” (Abstraction Traps in Fairness), BT
5, ahEmAEE =M B, R (Framing Trap) —REABERAFL G A
RN A] DUEIE BORAR R “ai TREMRL”, RS T BH RSP R RSB, filan, —
MNMEREH BB SEEE LR AL U R G o B RS A R P E A R AR, B B {EAX
R RFAE ) & AT RESE R ANIEH — ROV D BB LSRRI, EARPRIEIR R, S “RI” /92
SMUAN AR SRR IR A EARA M 2R, B, “TERNFERE” (Ripple Effect Trap) —RAEFUL
BIERFRIEM RS RGP I REBR N, H—1 Al pIERGFE IS “BRiPE” I, XAMGY
M AE ANV, @ “FREERI” (Labeling Effect) B TR, UM RIZAEAR N HEESIHIIA

(DBarocas S, Selbst A D. Big Data’s Disparate Impact [J]. California Law Review, 2016, 104(3): 671-732.

(2)Dwork C, Harde M, Pitassi T, et al. Fairness through Awareness [C]. Proceedings of the 3rd Innovations in Theoretical Computer
Science Conference. New York: ACM, 2012: 214-226.

(3Rudin C. Stop Explaining Black Box Machine Learning Models for High Stakes Decisions and Use Interpretable Models Instead
U] Nature Machine Intel/igence, 2019, 1(5): 206-215.

(#Biesta G. Good Education in an Age of Measurement: Ethics, Politics, Democracy [M]. New York: Routledge, 2010.

(5)Selbst A D, Boyd D, Friedler S A, et al. Fairness and Abstraction in Sociotechnical Systems [C]. Proceedings of the Conference
on Fairness, Accountability, and Transparency. New York: ACM, 2019: 59-68.
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ATHRBETE F2H£5 1 H

H— TR RIRI B £ DA—Fh B FRIEA 77 SO S SR, X IERZULAY R D%
RRL” (Pygmalion Effect) fEREIENRAIEING, 5=, “WEEFER” (Temporal Drift Trap) —RBI7E
WIZRIN 8 FH RS 0 A7 5 B0 N RS AT < [RIBEIN [RIEAS I PR mAS 2 AEREARRIA R, 22 3) ST
PR AR RN, T—DEE 2022 R ERIBRIR] 2026 FAJRECA™ BN —HB T
R Z FRRERA 2 P IR, XA IS AR L R ENE R T AR A L e A 2R B,

(M) ZH IR UL S IBHEEA S i DL B 3R B A5 [

AIEd RGUFAERSH — X IE AR E, TS H A RS B AR LB RS, XM E
A By A i WA PRI TOR B 56 DY Bl T — 2 oM fEfe i — 5, ROy e fifs WARTS 7 “IRI4EE ERIE
HEHIRES S

[t EFMm WL (Feedback Loop Bias) 258 Ll WA M IXIR FIFEAS,  HaafEALHI AT AL — 4
MW —1TEh— e R—EE—mL” RIS R, F—%, AIEd RGURYEHAGATI (RATREC &k W) X5
HEAM b SR AR, B, ET RS, REENENXEZAERSIIANIPRRELE,
MR BIVZRAVELG SRS, B=F, REERZ NP ZAEAE G MPF R Se R IR, SBIU,
XEE CRAE” RIRGTERRERTBARSL, E—2 “WRIE” FINE T ERAIR W LR, B, RGHE
T4E AR DU &R “BEHZE AHXASE M E R AT, iR E, FR— BRI
PEFERR, REERTASRET: ERBIMHEREES, FIREEA— MRS EEZE "B —ENER
TRIAR S 5 S2PREE R—8, (HIXA “IEW” 2—f B RANERYIER, —MEd RS RRIE “REIR”
I T REIZ

FIMmIRRS. (Confirmation Bias Effect) 222 H.fl WAYEE —Hi@E, HBUMaEAEHERILE] Al
RGNS IE, BMEIZERRR B AR, ASKOURE WA R “EdEbin” rE iR
fEmAERR ZH A F AR, ZTOARIOHEEITFRRH, AN SRE TR BA —RAEER
S JEE AT —— BRI SRR b3 R LRI S e, XA “B%ESFE” (Algorithm Appreciation)
FEHEFPIUHER: S—MERFENZINSIED Al TN REEER ERAREN, Rakri
“92.3% BEIFE" FEXEHIBUNE B I LA b — RIMEBUTRT B R Y,

AN, FEAMEME ST SR, AL RGO R RRT R MR BRI “BREER B, 1
Mg S R R R EE RSB B A AR R AT ORI A S W af, AW HAE A S B A A RIE SR = W) &
INE, Bk 2B HHE — MR “FEZEE” B NT— DRGSR EX F i = T4
AU, SR IR AT L B 77 SRS “BEE 80" Mieess it E AR R R 2 —X 5#
BEOTHESR BN, TFEMNE, B EIUSIRR AR TR TIRA R T B, B ANER
2, HEFRIEREERRREE —f “RERME” M ERE—eR “EAECERIUSIRE Em o 8
WNBAL ER, WK A U A 25 R 2R S Pk W T AR R 2O, XAl “iBg%
B (Hypernudge) AIMLAI, ABTERMA TIBCRIEZEREHR AN R—MANLRE, B2
RE YRR AR, IEEAER A RIS,

gi b, BIAGW WA 2R A LT R T — DR O (i WA R BRI GRS
AIBCEMAMEER A" ERIIINZHE, iR TEEERSE - WENE - BRI - UL ER -

(DRosenthal R, Jacobson L. Pygmalion in the Classroom: Teacher Expectation and Pupils’ Intellectual Development [M]. New York:
Holt, Rinehart & Winston, 1968.

(2)Lum K, Isaac W. To Predict and Serve? [J]. Significance, 2016, 13(5): 14-19.

@Logg] M, Minson ] A, Moore D A. Algorithm Appreciation: People Prefer Algorithmic to Human Judgment [J]. Organizational
Behavior and Human Decision Processes, 2019, 151: 90-103.

(#Pariser E. The Filter Bubble: What the Internet Is Hiding from You [M]. London: Penguin Books, 2011.

(3)Yeung K. 'Hypernudge”: Big Data as a Mode of Regulation by Design [J]. Information, Communication & Society, 2017, 20(1):
118-136.
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HREBIERS > PR —» RIBIENZ — 52 BB PRV R SR, BN, R E MR R T
R BRI, #R TR RREM KL —f —EEIEIRHEAE Al FREREL, SRR
PR IASERIPA Y R 2B MER-FRAE SR GL
ATHER 7RI WMIAERE Al RGP — MRARRHE: ENBREEL DI TR RS, w2 —
MR RSUERAE IR, BN RERR, HE R NRIMEA R TR R B — i
AR FRBEEREZS, FHIRmWAAERER ARERG BRI REDD RITEAFEERRRMN, REHE
EEHE NHSTE A RS RIZERTEHE . IXIEREE Al i W5 IS R TR SUE 6 s WA A 51 X A1 it
£ JaE R RERHRE L, AiTE R RERR R E, ERIXM I WA BFEBORRN”,
F—MLTHAAF RN KRR SSOBE,

O BT B YR IR IR AR RE= M

INREN i AR SR IGBRAEE Rl ARV — A “ 2R 5" [ T “w IWAIREE R A R] e,
AR LA B A B NR — D RBAIREMIE A FATaA ART Sefb, WIEGUE, AT ARy 77 R 3HI r
CEAEIRRENET? X IBRREERANTEA T HIEA T (Algorithmic Fairness) HIROEEHIH ——
DI 2 =5 1P R 28 AR

K EE, “NF PR —ANERE TR M AR, NMrAf, A, SiFRE]
IERIX — B AU R B E N, — D2 BRI SRR — “AF" 20F 21 MEEC
FERSEHIERE XD, EABANR, KT RMUREN, KSR M — &1 T
AFTRERR RN R o IX—RIN—E RN “A AR e ERL” (Impossibility Theorem of Fairness) —
X RIE PR STR BR TARAERBELC DR, X EE Al RIGBRSCE A T IRIZAYYE RN,

(=) BHAN PR DS BHERMA R

TERZ NV S, “BHAAEE” (Group Fairness) FEMRRIER HIRIEMR, 5 THHEMERSA]
FEMigkeS 17 RN, X—HKIEZOEEE : BADEE—BUREE Gnthal. Mg, stx& bt
A X NARBHA, REREBRDN ARBHARTINE R E S EL NG EE E REHRGHERNZER, =
BTSSR 12 85 | IR A bR A 10D

ANOGtH55  (Demographic Parity / Statistical Parity) : XZ2&REM. HR2REGEN L FEE L, ©
TR AN RO PEREAR R IE TN LB RN RSHSE, T IS SRR SEPREsA R, HEAES
B: P(Y =1|A=a)=P(Y =1|A=0b), HP YV ZERIFM, A ZEEEN. EBEHRD, XEKE
— ARG AR R LTS “ S BB KBHE Y, ANOSHH S50 s | 7E
THREEAD “GERPET WERRE, AT, HEKRREMIEETI: SRREHARSEIREE ) 2l
KA EERN (XMERA S ATREIERGMMEAFERY), SRRl e B n s FBORE “Rp2K”
— R AR AR N T AR A I B IR, SRS IS AR R 2 1AM,

Hlex¥9% (Equal Opportunity) : MR N CIGEH5 R L RBLE, Harde S A@IRM THL 2545
Wro BEAFFESREVATILLAIMESE, MRRET “HIEAHRE" X—FiHE, ZRELIRNEGRMEAT,
A E AR A EA EFI LR (RIERHME, True Positive Rate) fEARFBHAZ BN 4HH%: P(Y = 1|Y =

(DNarayanan A. Translation Tutorial: 21 Fairness Definitions and Their Politics [C]. Proceedings of the Conference on Fairness,
Accountability and Transparency. 2018.

(2)Verma S, Rubin J. Fairness Definitions Explained [C]. Proceedings of the International Workshop on Software Fairness. New
York: ACM, 2018: 1-7.

(3)Corbett-Davies S, Goel S. The Measure and Mismeasure of Fairness: A Critical Review of Fair Machine Learning [J]. arXiv
preprint arXiv:1808.00023, 2018.

(#HHardt M, Price E, Srebro N. Equality of Opportunity in Supervised Learning [C]. Advances in Neural Information Processing
Systems. 2016: 3315-3323.
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ATEHRHEFRE F26F 11
LA—a) = POV —1]Y = 1,A — by, (EEEGRA, XREE A FERGAENE bR AR
BRI, NIRRT S8 74E B 2 [FFE U,

PEAER (Bqualized Odds) : XN SIFARMARA, EAEZREHMERERHAME S A EA
BB ERIRFAME R (False Positive Rate) TEARIRHARMNAHT, BEIERZ R ASHIRHA A bR
iz —, HEERAPRAN BB PINERR T2 BE Ne— TR ERHMARI SISt bR "6k
XHR”, RIS AR RHAR ORI,

FRIIMELSSE (Predictive Parity / Calibration) : S#i="MatrAE, FUMESERTERIAR “ W
NIERN”, Wi By ERIRARE Z/ D RERE, EEESRY, XEWE N Al KRS
“SREUGRERINERNL” B, REE R SOR AR B SE PR B E R 2 A 2

() MR “FROEY AN RLBAR N 75

SRR FEM N DGR M A R AR, MAZR Y (Individual Fairness) SREETHOWERHY
FERUE”, HBOOEN B Dwork S NOIERIEH R AMA S 24 B U R (Similar individuals
should be treated similarly), &% b, IXEREAL M E —FAE AR (Lipschitz condition),

MEN PR E P AR ER LSRRG WNMEZERRET) . I BRAM D AER L&A
LA, (U — R EEMREN S — T REFARKE, S Al RG40 HEGRN R A e
—XBIARBAN T, AT, NMEA PR B EEE T MO e S EHERX D E L4
U, At R F2EAE? “HERIEE R (Distance Metric) A8 5t Al GE /2 i WA AR —an SR 3%
AT FH BRI B A R B S5 A BRI A R G “TOR” 2R (BN, ¥k EZERIRTNRENER),
MAMEATHAMERERERL, RS N 228 RIAHELD,

(=) BERAFE: “NRIANZIRZNRE, SREARIG?”

AR, [RIRHEWT (Causal Inference) JERAYFI AN PEFRIFRE T — S 2FABICE R, BRA
% (Causal Fairness) FURDIBIRIANE “RRIFHARGHAFRNEE", AR “MHE R EBARPNR,
Ma—MREE (Counterfactual) AL “UNEIX N EARIFNZR/ MR/ A 2 ETHAL S SKFRANE],  mH AR
— ISR, BRI SR A Ss?” O, MRERE R, MIZMIIAER R X RN TR,

KR A AEE AL BRI AL T — MOy RE i TR, EAMXEEBAI “ T (F
BRAERE A THBUREM) , ICREBATN “FR s (RIS R SR B 5% 4% 32 2] 7 U8 YR
Win)o AT, RIS ZA-PIEAE SR Fh i I EOR IR RN E, B, MEMERAYIKISRIZ (Causal Graph) FRZEXT
HENEPRLEZ B ERXRAERANGUSENR, HIR, RELHERMRA LR AR IR —3A]
KIETCIEREIEMEEE] MBI EAENB LN, MRS ER" —RIFER AR R LR 2
AR HARZMER,

(M) “NFERATREEHE”: HE YR IIRZIHR

TEAE TRHA AT, MEA TS RRAFE =KX )G, BAHUE TEE LIS R E
RIZLEIL: ZHBEERCEMNAF A E IR —E AR FERHAR AR (Base Rate) fAEZERHI—
AT, BB A TR R AT RER RN RO,

(DDwork C, Harde M, Pitassi T, et al. Fairness through Awareness [C]. Proceedings of the 3rd Innovations in Theoretical Computer
Science Conference. New York: ACM, 2012: 214-226.

(2)Fleisher W. What's Fair about Individual Fairness? [C]. Proceedings of the AAAI/ACM Conference on Al, Ethics, and Society.
2021: 480-490.

(3Kusner M ], Loftus ], Russell C, Silva R. Counterfactual Fairness [C]. Advances in Neural Information Processing Systems. 2017:
4066-4076.

(#)Chouldechova A. Fair Prediction with Disparate Impact: A Study of Bias in Recidivism Prediction Instruments [J]. Big Data,
2017, 5(2): 153-163.

(5Kleinberg ], Mullainathan S, Raghavan M. Inherent Trade-Offs in the Fair Determination of Risk Scores [C]. Proceedings of
Innovations in Theoretical Computer Science. 2017: 43.1-43.23.
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Chouldechova (2017) RJUERRJC NS A F7: MIERA T 4 P MEHAREAERASER (B P(Y = 1|A =
a) # P(Y = 1|A = b)), FAAR5ESEAITRMIERARTCTAR RN R MIE S F R 2R, Kleinberg 5 A
(2017) WIMF—DAEUER T RfEME (Calibration) SHHATAE (Balance) Z[AIIARRIHEANE,

XA ERREE R, B EWHERZMS AL, EHEIR, ARESLFER
(R R LE 50 Ll iR A Bk T LR 1R E 2 RO, XA M E R E R, AT
AATREER” HIFREAT: KBNS BRI RIN ST A 4L “AF" 180 B2 A rTRER), iXiE
FERATE H — MORER N EDEE . FAVEBEMDNEE L EEAR, DURETES — DNEE AR F?
RXANFEEAERAR LR “IEER” —EARLER - PMREERCHERE N, A afEaEd
FE 3 HE ) B 3 3 R SR [R] 2 A4 (4 i ) L

(1) EMEE: A FENEREMIFRES

NFEARTREER” NERIRBER, N “AFRITEEINT, M2 “AFAR— DA I —75 K iR
e SE RS, PR A] DUBEE TARUEAZIRESHER, e —DFR2EEd Fengimm, &
W VA SR ARG AT D, AR “BA B IE DL TA TR, FIRA T
) AIEd (N B# R ERHT —MERVIR S, “MF 22X MR NI A X—RENESR, RN
AHFETRMEA T EHE RGN, MY S2—MIAEE, KK BOTFHXAE SR EET
GNP 7/

® 1 RERE AP BB E R PRI N SRR

JEBHER RlE X HHE N RRA HAME B S RER
ANHEGEHEE  ARBHARIGIERIAI BN, DRGSR E DA & ATREIE K ELFI S M
GER PIE” HIELBIRAH Y MERE, REBCR A4
ISk GvEy i
LIES SRS HIEAET, RRBHAPIE AU FERFATFHLIERN (OB SHE MmN, MNH
BRI SR B EER A S AEHEFPERIER RN, BEERRRER (KRBT
GG FEY)) JCIERRIE
PIREER BRERIERAERERRERE WS THARSY, FENAT B SAATARE, Sk
RIRIES BAHSE BT PR AAEERFERHARR)  XESCE, BRI R
A HERFR AR JEHE A
PIMMESSRE  SREIEIOIER MAT, K ALSREIGRAFBORECEE A %368 A] RET BOM P S SHR

I 4 L ) EEE AN RIS ] o2
GER

FIPE I AE B B 28 AR
%i

ERFRVREAA SR P B e s B T,
JR M ANEIAS-3E

AT HIRR ORI A] DAEEGE N — D anidl: 2P ERRZ B PIFE R JE AR SORANBERARTE N IR, 1
2 N A S SRR AT R RIS, EASOE IR, X e E R RS TR
BURIEM: HEANE I —RMEARIFRECEZE, T — M 2R T ERRERE, XEWREHR
B AR ARENTE S — I R BT, I AUEERHON A4 KI A FRUE RN, ARSI
M AEE RRREORBE Sy “RRIEATF” (Developmental Equity) : —MHE Al RGTES “RKEMN
WV, AMUEBRTEEY NEONAFRBAE—MEZ, EERTERGNE DA —RRE R
RATAE—RE T e B e AT RENE, AR S, A el LB (RSS2 RAVEIE b, "R RIER
T GERER ST ZRBOXBITET : BiIE ZR TP N AR RI4ERE A BN, 5
B NATE B — PR s BB [RIE RN 5

(DReardon S F. The Widening Academic Achievement Gap Between the Rich and the Poor [M]// Duncan G J, Murnane R J.
Whither Opportunity? New York: Russell Sage Foundation, 2011: 91-116.

(2)Wong P H. Democratizing Algorithmic Fairness [J]. Philosophy & Technology, 2020, 33: 225-244.
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ATHRBETE F2H£5 1 H

=. ZYEHTHEZE . NEORIEE S iR R

REARBASERTRNTRRY “Hm L BIRTEIEMRA ERIREE AL AR, R T A
MIERIAERY R EIFED AIEd ARG, BIN T TEER S8R (RILAERGE RRERS Y. REIEM,
NERNERRZITN. NETERN. Fit, NRLFEHEGAIEZ R, HEREGE AR, AN SOz
TEWEEEE T, BRI, RIS, A ESHGEHXES S AN EENZ 4R IMESR, TE
NEE Al A EETGHER M — DA BIC TR S X AR EE RS TT %

IX—HEZRAEHCE AR BN T H—, 2 Raji F¥ERUA “RENGAEEEH I (End-to-End
Internal Algorithmic Auditing) VERO, 2E AR A B A B 5 A AR gyt 9 58NN P, o S
MBI R BT RGBSR A, H T 2 Metcalf 28 XF “BIEMRIERIEL 15RO,
R, BIEEIAREIUN R — P EORERE, B ASIHLUGHEE 2, SOy — R R H
FISE G

(—) BdEH: Bm IRk

BARH RN HIEZRIE —ERZk, RS b = TR BRI T — RO AR B8 2 1 A BN
B IERY R UL, HIRFE A A T 7E AR 2 i B B 2 0 A W RIRE A (it DL JS A TN R, 58 B T A A O
FRRAEEHRH AR 2 1, ARGt EHARENRIERTENE. NORHMAE SE, SRR E DA
B AT A] e S BUEA A 7 58 i UL A5

Gebru FF#EE 2021 FRARMNFREMEILSCHRE T “BHEEEAH” (Datasheets for Datasets) HE
1O FERG—NHT AL YIGRAIEERER B Y I — AR “BIHR”, WS FEReREE: 3
Hl Ot A BIEIX DN EREE?) . ARk (BUEE A SMLEF?) . RESFE (FIRZ2UMBCRERN?) . W
P (RS TEIETER L) . IR (BIRENEER R EER IR R A?) . 0 (FdESE
Baage o &2 ) . 4 GEMSEEIBENEFSLER? ) , X—HEZMEE TH - TEIEN “rdsthidE
%" (Component Datasheets) BE—IEUTNIASAEA T TSRS EMFSRIEDIL NS —FF, 3K
AR STEAR T REHRESE “SEFE” BB R IZRBa,

EAE Y, BIEHIFRERAIDSEATYNERE, F—, ANOREREHT: REIIGEEZ G
PRI A, tE2@TTtihn. e fn. FRFEIRASELE LS E S B AR, N THEHE AL,
HFREHEGEIRPARI/VEER. IR/ m . DG/ DRI AEN R S 5 L hRARSS A LLBIRE T
Bt B, pRFERER I MEEIERTHE (Annotators) HIMBUE B ZIT, PMEMRERSTEWTCE X, R
& Z A —2% (Inter-Annotator Agreement) EEKRAHEZATED, ERE RIS, “RBIE ‘&
JREIRE TS SRS PEAIAR S8 & B AR A S S S A — a0 SRbRiE 2 2 E0k B s
FRPER R, EARIESSE SRS A et S R R Y B SEARIERI O MEE A, BB =, D m I T RS0
B R BRI IR R A AE T REEE “ms” IISERITEAR S, Blan, ansRiIgREdEines 7
2001—2020 FEHHEERFEICT, HFit NRAAEIREIX—NEBENEETENR S AEREILER, X

LERUEH BUE” TR, B, WRMER: PEEEEER CREUNT ——ET 2018 E5
EATHEAIRNGRRIRAL, 15 2026 FHIAFINEHZ SR BA TN ? RealR e R Imx F#E 53517

NEHIIRAM L (M THIAZ L) ZECHINABIRER? SRz N8 AR E g — ik

@Raji I D, Smart A, White R N, et al. Closing the Al Accountability Gap: Defining an End-to-End Framework for Internal
Algorithmic Auditing [C]. Proceedings of the Conference on Fairness, Accountability, and Transparency. New York: ACM, 2020:
33-44.

(@Metcalf J, Moss E, Boyd D. Owning Ethics: Corporate Logics, Silicon Valley, and the Institutionalization of Ethics U] Social
Research: An International Quarterly, 2019, 86(2): 449-476.

(3)Gebru T, Morgenstern ], Vecchione B, et al. Datasheets for Datasets [J]. Communications of the ACM, 2021, 64(12): 86-92.

l(;%l;)l;vy D, Prabhumoye S. Five Sources of Bias in Natural Language Processing [J]. Language and Linguistics Compass, 2021, 15(8):
e .

94



BEAIF P OEERIL: £RILE G EEER

A — e IR 2 — D EE A FERT T 3L

(Z) BB 2B BARRIIRIRAT

RESEH IR PR TARR”, MABREHNE “ERTER” —aERIIZGZWE, FE—&R
FIZRGULRIINATT A AR A R SAEARFRHA R SRR SHERN E R, DO ERZ GRS T R
AR R,

AT ER TRER] I A =NER, BB ER RN T A ERHRES =it
ISP RS (NOSHIE, HLRYE, MR, TIHERSE) (EARFRHA R FEIE %= 5,
HAlrix e R Sl T RUEREIE, Fln, EEPFERETIRZR S (EEOC) KEIEMA “Hoyzl
BN (Four-Fifths Rule) FUE: QHARFE—BHARNIRECRINT B R BCREHAR 80%, WIFFE “FKim LAY
ARHFZ0E” (Prima Facie Adverse Impact), IX—HINATZ OB H—I&E — P RAl “EREFEHE" —
AT DA I AL AT,

B RBEUUR AR Al (Explainable Al XAD TH: HEHAZBMHERIEI T REE, 28z
B BRI AR IXFIZR”, LIME (Local Interpretable Model-Agnostic Explanations) #1 SHAP
(SHapley Additive exPlanations) 1247 5 BRI PG R T, LIME @3d 76 Bl sLfilf
JRIFRAT IR LA & — D AT RE VLR IERAR. “fike” SBAERIUAITTN; SHAP NI T FZRg R B AIE
(Shapley Value), REMRHEX PSS ROTTHOEIT AP0l EEEFT P, #HiFAGA DAIA SHAP
SRR AE— DA TER R, “HRBGRAD” X R TS LS R ST R = 5 S . AR
&, AL AEBIR AT RETEIE IS BB g hdiX — AR & R T R et S AT AL(E B

FBUURN PR T (Adversarial Auditing) : fESE(E R L IR “ZLBL” (Red Team) B4E, H
ML NI S “ R8T B AIRE A, Bla, MEMmOkR TRERs (—
) “BAATT, — DR JEEATT) ZINMEEHRINELIAERZE, RIS Al KRGS
Mg R B EFEZER. Buolamwini 1Y “Gender Shades” WFFEA R L2 — R BLAN FUrE e i+ L, %t
TR AL EEFE RN, SHUERIHERZERN [ —fREEAR A DGt 22 ES AR E S
EOFERGNREIERER —IXM R 7RG T 7 200 DA S 1Y 2 PR,

SAT, AR AR S IR E RN IRICRR, H—2 SN R” A B T R
R5EMUG. KIEERE < B T —ABBRIAE AR B o = R R R B = T 8k, # I “2
TRETHBIEH AT, HTR HIFEERT M fESgEREE T, 75 28F A AT RERY AR
AEHE ERARATH, #HiFHEESARONIRAT R, E=2 “WREIrTESE" FE: LIME fl SHAP
FHEMRE LEASRELE (Faithfulness) — RIHMFREAE 2 RIEE EEIE e AR R AR RS
—RR — MR EAR S, B, BIUEH AR — R “E8RF IR, MBI A RTIB TR
JET AR S P LA

(=) ML IS 230 2 H B IE ER

RIE R D JE RACUA IR S R R SE 04 b G2 AT DS TR R SCTERY) , SEIRRRHIA
BN BB R A2 NSEIREm, —MERESTTHER B “@ild” TRrE PR,
AERE LB G A SN TR AR I 2 AE L BT E R 05— RO SR = RSt THER TR e i 2
ERM R RRYMIRIY. (Emergent Effects), AL, WP LAUE LIRS, HEAREHE,

(DFeldman M, Friedler S A, Moeller J, et al. Certifying and Removing Disparate Impact [C]. Proceedings of the 21st ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining. 2015: 259-268.

(2)Lundberg S M, Lee S I. A Unified Approach to Interpreting Model Predictions [C]. Advances in Neural Information Processing
Systems. 2017: 4765-4774.

@Sandvig C, Hamilton K, Karahalios K, et al. Auditing Algorithms: Research Methods for Detecting Discrimination on Internet
Platforms [C]. Data and Discrimination: Converting Critical Concerns into Productive Inquiry. New York: ACM, 2014: 1-23.
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SN PEAd B 2 8 “TRB AT — BB M= EAEZE, SRR BOHAT “Bikmirfl” (Al-
gorithmic Impact Assessment, AIA), SRIMEFZINITAL (EIA) BT IEIR, 18 AIEd RAERBRAM
F 2 BN H AT REF A I 22 R A T RS HUUATPEAS . INERPITBUNTE 2019 4EREHEH T “BikE
M iPAd B (AIA Tool), ZERFTE M BRI RGBT TR BB Hi 78 i — I hn A B s M PA
EED, HBRHEETIEN N 1E AIEd RFUSTUED, HE0BERA TSRS LT, 12
B TEEE —YE BRI RR R N BRI R LA, RGN H 3k &R, H
BIEMEBHAT “EEPERmEG”  ERAB T BB (Fli—NEHE— DN EE) G, B IEEER
(Longitudinal Study) & AIEd RGN AN EBHAZZEEZEW G FE Bl OFEEFER, 2EEREEF 24
J& bR ZE R,

BB =T, M EIETHEER AT BN~ (Latent Impact) —AREEARS B BIAE &AL
FEbRFESTE RIS ARG R, flan, — MM CEERF A RS 2R R
K7 NAEMABMEAERE TR NE, HEHNZERGTERTfEE A EM N —H
=2 AFENNBIRE L, B 2E BRI ERNERE, BN ARS 20, HimET )
N BRI A RIS, XA “BreEey” e, b “StEhE” XNEMEEOENnER, th
B h0E AR AL G B B T 77 2 i Ak

MR Y 77 10 T EA N Y B hG: BEVLN LS (RCT) sfsceisit (anmrmmEd, WEZE7),
DU R SR AT O LAt R RV INETTIRAITR E DB 5E, DARARG T 7 i R i EVUAR RS 4E R 24
TR “FikARRMRE” (Algorithm Experience Report), PARGUNEL X Al REHVEFL, ST
BERIATED, RIEARAR R, IS SR 2 X (Intersectionality) #A—AUad “ZZiE”
FCSBME” Z[EL “fe” FOWHTT ZEINER, BRI E “RNZH” X—RXX G R EGHIGE
o “RA B LM R TR E N BB AR,

(1Y) Sl IRENERGEPIZ%

AR R AR R R IR 2, TR TR 52 M B B A B (b A TR R R AT 8h 2L
Ko TERIKIGEIA, FAF Al RARERINEEZIEEINESA, BEISEN “SXENAZR" [EH
f O IR B R TE A AR

W CNTAREESR) (Al Act) BERERRSMEMARNEN Al WE K, KIEERA Kk
2" (Risk-Based Approach) FUIEZHN, K Al B FHIZ MG P RaEZ Xk (EEEEIL). &
KB “#gaE) . ARME (BBHEXSS) MRk CEisb5s) . BE TR Al N H—FREH
TRERE, AP, 2R EMENRGE—IARRI B 263@, B2 HE XK ATE
KA e —RI R EER: B NEEHARSA. WRIIGEIENRE SERME. P TEmnE:
RS, SEHE R IEEALS] XFRUE TER IR SRR, X— BN REEREXET, EERIEE
BB “BE AL LI TT N—RE R —FIRE 55,

HEBUNE T —FAF T R B "B ik, 2022 4, REPREFZSHIRIAE
(CDDO) #EH TRIXBEHEICFEIRE (ATRS), ZRAIET (RELZZHE V) EEAR R

(DGovernment  of  Canada. Algorithmic  Impact  Assessment Tool [EB/OL].  (2019-04-12)[2026-04-16].

https://www.canada.ca/en/government/system/digital-government/digital-government-innovations/responsible-use-ai/algorithmic-
impact-assessment.html.
eale M, Van Kleek M, Binns R. Fairness and Accountability Design Needs for Algorithmic Support in High-Stakes Public
Veale M, Van Kleek M, Binns R. Fai d A bility Design Needs for Algorithmic Support in High-Stakes Publi
Sector Decision-Making [C]. Proceedings of the CHI Conference on Human Factors in Computing Systems. New York: ACM,
2018: 440.1-440.14.
(3)Crenshaw K. Demarginalizing the Intersection of Race and Sex [J]. University of Chicago Legal Forum, 1989, 1989(1): 139-167.
European Commission. Proposal for a Regulation Laying Down Harmonised Rules on Artificial Intelligence (Artificial Intelli-
P P g ying g
gence Act) [R]. Brussels: European Commission, 2021.
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RN, AIHREERIRAAFMI G, AT A REEERIR, SRR & 2R, SRR A X122 A it
NREENZHE, ATRS WELELZRE “TOURREFAIHEN — i@ sm i MEr S B EE R R AR
BEMZEREE, WA RIE A FERSE, AT, “PIaR” BRErEA X T Hk = mHl T
J0 MR- BEHAHFELIES ATRS i35, Hmlmhy e SO A S AR ™5 .

FETE ALTGERT R T “BORS1S + FAiaH” BOTBRHE, 2023 FEAmH CEREN T §ER
SEMETNE) i T EIRNPE EBRESNETTE, ERAERG ALRSGSRME “RECEREH
iR IRE R, B IR RRUSAENE ", 2021 LR CEERNE BARSS Bk E HRE) WX E
PRGN TIEE TR, A, ERUEERE A RERIE R T 57 2 2 R BI 1k
MPENE" BFHAEER T 4?2 “A P B EREARRESRIE? SRR A FIEfaR Z AR AR (a0
AR ZAFTCUER) “ARNRTREE "), IREAIAER? XL AR ETIARR, EEHEHE Al ’EH
EEKE I “EERMMETERE RS, maAsk, PEBFRHAETIHNEE Al RGHAF
P IHERT, R T IEH A IR R EEAMA R EA O AR R TR AR,

(f1) AHEXESS: HIHFRRIEYEE

ZAEH THESRA S LD — R B W R AT T B2 B O BE A — 2 I 2 A S B O S o 1
245 (Meaningful Stakeholder Participation), BiPUMNEEIEART LER “ERET” HES): HETERYE
FAEEHE, RE T TR, HIHEUI R IR, HEREREESM, A, Fikim K
KOGFEHRBAIA—4, BN, RR—MMIA SWREHRAEF TR I, HIFRSER
N BARHHEARRIE AR,

MR MRE S5 N YA B — D B 2R R PRI, EEdEE TR, KRB AR XA
RN Y ENHENGREIR RS HE 7N HAHAR A ZIREN R SR St is R, ARERH TR, 20N
PWIBIES S BN —BRE 7RI A PR, 456 Hon B EE BRI IR AR,
HIWTRLERAIR) “RE” TR MR R A AT R RN, TERIITEAERT B, AAM R AR & W 24 4
WA GG R S E EAIEERR, fEEMEEME, ARMSHLSHFIZEARYU R LA B0 AIEd A5
P 1 & RIS B T AR 19 38 = 75 Sk

X—Z 5 H SIS EALR B Arnstein £ “ARZ 51" (Ladder of Citizen Participation)
FLD, Arnstein HARSS5H N/ \ANER, M MBI (Manipulation) Rl “JA5T” (Therapy) %th%5
B, 2 “UERR" (Partnership) . “BAL” (Delegated Power) #1 “2NR4Zf” (Citizen Control) %
KpE25E . HATRZEAIEd i “HP R FLH YR B ERTRRRIRE——1 "R AN
B WHZHARZ2S, mE—M250215%. BIENZ25ERESGEIMNEHAE S TR, $fUTHIgEe
T RIS AR FR A SE BUME R TS TE AR 75 R A

Zi BRI, ZHERITHRESRAY I —BE T, BRI, IR, A E SRR ES
55— T — MHERE, BRIEHIEEIASR, SR R 0ET, SRR ITHeR T
AIpTR, SEMRPHEIEE: “BEH” FER, AOEERM “RET BREE, FMEHEXES SRR T
HEARSE “NE” B, XANERZR—AA]: RAEBIERHHIEREIHE “TRZAK”; AR
EMEER “QERE; RENEHRESSNEREZ “Boha”, ERX L MEEREE N —
MENRTEEA SRS, A H A REAE R IA W I A 4 BERS Pk i ik 2SR il A (| L,

AR AR THAESR, WIRIEEmEIN T “REMEAE RIEFRR, EotH e Rk
IBHAR ST ER—IXE AT WA THBEHEATE DKM, HAZE R H TR I

(1)Sloane M, Moss E, Awomolo O, et al. Participation Is Not a Design Fix for Machine Learning [C]. Proceedings of the 2nd ACM
Conference on Equity and Access in Algorithms, Mechanisms, and Optimization. New York: ACM, 2022: 1-6.

(2)Arnstein S R. A Ladder of Citizen Participation [J]. Journal of the American Institute of Planners, 1969, 35(4): 216-224.
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ATHRBETE F2H£5 1 H

SEMAITAE PR KR RIBER” 4EEMAZEHRES SN “3ERRPGERIE" 4%, A RERIER NV
BIRKIKEMERHE. ASCRIXAE M E N HE TR a4 “ZRIEFTT" (Developmental Audit) : ‘&
AR “REEXARIRHA LIS, A RS IRE] 7 LR R R TR

g, BEEmREOR: GBS 7EUR R

TERRRR T 2 4Ef HHEZRA DB 2 e, AR AT ERAEE R (Debiasing) HARBAT—IX
KA “RESIRKE” NN T HEHAERN TEME, maEN TIEEIANRERE LR, EH%
AR ZRTEURR, w22 AR TV R B 25w WAL R TP BN R], RERT DA 9 =R3E: il
ST EAR (Pre-processing). WIZRHBTBIRCAR (In-processing) HIGEHEITBIRIAR (Post-processing) o
F—REOREA MRS R, B, TEMBMEERR, AR = RERE—HTIRA R
#l, FEESCEA RERE =AM E X,

(—) VM EFRIR : FEEHE A b EE R I

P BRI IIAZ O EARE “1E i WL AR 2 B H SRR RITERRI T da =z wil, A EEga
SERITBIE, FHHsdlsh, FEIEENEIREESIT LEM “AF", MM EMEESE EiIgRH
SRR AIES SN 5 7= A A DL i o

P PR T 2045 DU LR E SRS, 55— M2 B RAE (Resampling) : JEII A I ZREHE P AREEA
JERIHHAHATIS RAE (Oversampling) —— R fillsl & plA= il 5E 22 /D BB AR A — B AR M &
HIRHA AT RORAE (Undersampling) —— BIBEATUIHER &R 7 2 BOREA AR — R EE R AE AR RIRHA Z [AlIA
B T, EEET R, MR TR KU AR I REdE T, RN
AR G BREARR) 10%  GZAR T HAESERRZAERAP RIS, AR 2 SRR AT DAd I G AN
RIEFA IR T E R B RIXAREMEMZ, SMOTE (Synthetic Minority Over-sampling Technique) /2
B A B R R —, EIBIEIE DB AR 2 AR 23 18] Pt (R A BT & R A D),

B R EHIN (Reweighting) © NBCEEHREAIMRL, M2 AR BEARRIFEAR DB R IR,
S EEANIZE R, DEBEHANEABIR T & “EEE, MmEEREN R, F=
SRR (Data Transformation) : X EIRIVEHMEZ R TECE D, G HRHME S BURE M2 [
FIMHR M FE R K, Zemel FHXHIRHBA “ES N EFRIE” (Learning Fair Representations, LFR) J5iE5k
X — BB AR ED IR S A BRI B — N FTHIRAE A, (%8 A P R AR R AT RE (R B
THRWIMHESERGEE, XRATRE ‘B8R 7 58UREMHEHE R,

FALFRE R FIAZ OB AE T H “BERARATAIE” (Model-Agnostic) — B THEIERZATEEEE Z i F
B ZE, En] DAS AR R R (BRI RS2 2 R M es) HEHH, THFRE
BUERIZEA I R, X — RS WAL BREORTE SERR il B vh B A M s i TAR R TG AT AT A AE T,

IR, PR R = MRAERRIR, H—, BHREEHE “BEX1M7, “Ar e A& fm W—
AR H T RRRE IR B s 7R A UL (B140 25— sh s e il 2w L), BB A AR I TE AR
NI H, BARBEIERTRES | AT IR ZE : 3 RAE T RE S B ADN D EEHAEAR RIS IS (Overfitting), R
REENATREER A MERIE R, & BREHEE R AT RE £ 5 S AR “WRFEA” (Ghost Samples)o
H=, WERFEENRER: TACEEARERE fm WAARIELE THRER ARG, (HEWmSE —T1 i

(DKamiran F, Calders T. Data Preprocessing Techniques for Classification without Discrimination [J]. Knowledge and Information
Systems, 2012, 33(1): 1-33.

(2)Chawla N V, Bowyer K W, Hall L O, et al. SMOTE: Synthetic Minority Over-sampling Technique [J]. Journal of Artificial
Intelligcnce Research, 2002, 16: 321-357.

(3Zemel R, Wu Y, Swersky K, et al. Learning Fair Representations [C]. Proceedings of the 30th International Conference on
Machine Learning. 2013: 325-333.
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BHEATERTHEERmL: £ rilH G aEER

), BMEZ—NESH B SRR A A\OREEEE, REYRTHE SRS FESEARTE, 2808
TERURIRHE A T 52 M I —— T X PR A SRR L, AN s A B A LB RE TH R

(=) IR EREOR . TR AR PR A TR

ZRAHEARIL T — R 5 AL FEEORIRAA R SRS . EAMBSNEIRE, T B BRI R IZRd 72
— B PMEESR N — DR SUE NI IR AL AR B2 (Loss Function), fEASRILE (LML Tl
R RINSEE 0 AFMErR. 052, IGRHERRELERIE “%3)” fdEm “#s”
YN UN

Agarwal SFEF IR “YFZ)777%” (Reductions Approach) BINrbBoR R ED, 27
D BHE TR A FATR 7 KAL) N — RV AU 72K (Cost-Sensitive Classification) A, {15
JR A 2% 2SR R R A] DUE I IR A AR 0 SRR OR R, 1X— J5 IRAIBORTTBRAE T E 18t T —
MG —RUBIEHES, FTDARTEHERL Z AR 2R E X WA OSHSE, HLayEE), HEH T
KT PN AERA VAR R A BRI LR UE

XfitEZRw (Adversarial Debiasing) SZINZRAHHERA S —EE I3, H Zhang GBI, Zoy
BB TARNTIMEG (GAN) HEAR, 7ERBIZEM 5| A—1 “XNHiE” (Adversary) Hff: EHHA
(Predictor) IEITEM L HEFFIUATRN “Bail” SUREMEE R, TAHiE LR N FRBLR I “He
W HEURENE. WE Z AR IR I “EEANMEE” AP — BRSSO
HWRTEREEIIRE R

ENET57% (Regularization-based Methods) FA% T YISk ERITER = 458812, %5 TATERR LRI
BRECRIERII— “A MBI (Fairness Penaley), (ESERAUTEIIZRIS B A AN S A2 T AN BT
e “SZRVET” —BH SIS, WA ESTIANE B ICESEN), A DATE
PERN P TR EA TR SR A

SR, YR ROR IS =B HEZIPkE. H—ESRE LI “AFARTREE " R
AR AR RS EARRIRE, I2AENZRd R “U B NMERR” BUSN T — D ASAT (Bl A B
£, X MEEEAREH TR T EgE, 58 B A - HEMTEANE (Fairness-Accuracy Trade-off)
W (EgR S ORI, BINA L RS S B RR T eR i RS, B R, X
BWRE—D "B P ITERG A RETERR | “EAUER" —Erl e iniE — L H IE R
A, E RO — AR ER BN T I, X — AR R RS, B AR
R, ZmWAZE “Rek” W—EAELIRERA, MX—RAREESAE, HilkAHE, AR5 E
B NREANGEHAE LRSS 0SRIME, 58 =EEAET IR JIZREORIE H T2 bR
ISR TE AR, I TEATFRINE Z . WEAE I EFE—XN T RIFEA RN E VA
/R ATEd JFR R & R REAS AN AT ALY SE R FR AT

(=) JERHERMEREOR: TEM i mi L R

JEEBEEORREL T i “55587 HUSRIG: B8 AR EBAR AR S MR E.
RN G P 2, AR Es SR A TR e R, DAGH B 284 T e AR e Y 22 e T

Hardt S5 EHET “HIA%” KFFOMEE PRl T RS 9 MARRBRILE
(DAgarwal A, Beygelzimer A, Dudik M, et al. A Reductions Approach to Fair Classification [C]. Proceedings of the International
Conference on Machine Learning. 2018: 60-69.
(2)Zhang B H, Lemoine B, Mitchell M. Mitigating Unwanted Biases with Adversarial Learning [C]. Proceedings of the AAAI/ACM

Conference on Al, Ethics, and Society. 2018: 335-340.

(3)Corbett-Davies S, Goel S. The Measure and Mismeasure of Fairness: A Critical Review of Fair Machine Learning [J]. arXiv
preprint arXiv:1808.00023, 2018.

(HHardt M, Price E, Srebro N. Equality of Opportunity in Supervised Learning [C]. Advances in Neural Information Processing
Systems. 2016: 3315-3323.
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ANILERBEAR F2HF1H

AR 2EEE (Threshold), HS&FARNERMER (BHMBENER) BT 8 flw, MR-/
VBRI R LA BRI ERHEZR Y 0.6 (BIMORFIH 60% HEIERMERFA), MifE sk
AR ELAERHRR R ERHTEZRTY 0.85, ARG FEER AT DU RIS AHE AR 79 28 B (E —— A R X
ZRHAE “BUR” —RIEEmHERHERE 0.85, MMSZEIRMHAZ RIS,

R (Calibration) /2 /EABEELRIN S —EE T A, Pleiss S H TR TIEH B IEIELHRAYRTHE RS2
PUREN 23 RS AR 7 D, %07 EE M2 O AR i (R B R R B B TRIIASE R B AR IR AT 1S
JE” —an, SRR S A B B VAR ER Dy 70% I FIFRINZE S U AR A BV AEZR Dy 70% I,
PN A SERR BEE 2 W 22 A I Y

SHALVEITSY 2488 (Reject Option Classification) HR T G ALF AR M =R D, %77 A0 2
R XTAREEA KR E” AT (R EEE 0 R BIERIREA) | KA RILE R B 995 BF
R, FARGERTECENBRRRR, MIMTE BRI #ATEHRN R B,

JE S BREARAIAZ OB T H A S SR AT R . N TR A I SR BRSO B A R a4 ——
SR AR B T L A BRI 1R R — R T DA FH TR E SR B “FBFT RS, EHF Al
AISEPRIGEH X —REE IR RECEEERTHHE AIBd RGHEZHFELAFRHF RN ER RS,
HENVNLZRGHNREBIR SRS, B80T OB 5 A FRESORLE fa t ot EodbA T2 AR

SR, JEAEBEEORA T L2 —Rh “HGRRC miHE “TRSKIEET, BIRAE SRR B A W UL 2 e
— BRI AR “BET, HE2HRIER 40" EmbmmARIET, XEWREE
WHTTIEEA NN SSTE: — BEBEINR LA (2 ARR ) s PR A TR (A
ML EYHREIFMNESSE) , SerifRESERTREZRIRAL, TREEF HITHE, HHEERRZ, XA
FRHARILE AR EIE (ZSNRR) ARSFLATRES A EAMCHE A —iXf “ T A FmZERMe”
AIHRME, TERESREEZR (0 “TBa0FE” DR NIARERIAR) FrlRES Y “RIAEAL” (Reverse
Discrimination)

(M) BEAREMATERRIR: —KIETe BRI E e 2%

TEB— MR ¥ =R AWM WAARNRE N SRR 25, AT DRI e =1, EORAR MR 7a =M

B,
FH—HEARR: “WIEA B R, =KERICIBTEME N BOE T T, #RRE & — S R
Be: i W2 — R AT I BHRE B “0 87 F1 “BRR™ AUZRIR, WG AT AMOKHRIS BEHEED —FE, A
i, EWE T RRER M ATERA, (WA S EEEERER B, TR RR IR AR S
R, HREFSETEZ T B85 E—NMRZIAFER L2, Hdadhr “m” #1587 ATRE
S (A — R R T T TR T —— R R LT REFIN RS B T B A B, (RIS B TRERIN AR TS, Safiya
Noble LBiMtFEH, Fikfw AR — A DOET E ISR “BE” ECRENE, MmN amEE
A RS,

HHEXRR: “HSAT R, A R RUERT LTI — B 1 EE RN R b, BT
[ FIEAR R AT EE B P HARPR T IULE, 2RT, BER— I SESHERE: ZEERK, #
IMTE R EE RS, AR, SRR, —DE 2024 il 72 PHERTIIRRERY, 2] 2026 44
AIRER 2R B B AR LT AR SN “A 7, BEONBRTFAE, K IAR1EA S A] R ik of i [ 5
R AR — A e B R TN FE LS B A S AE R BT AE, XA R IR S22 A Y JE 2RI, 1T
(DPleiss G, Raghavan M, Wu F, et al. On Fairness and Calibration [C]. Advances in Neural Information Processing Systems. 2017
5680-56809.

(2)Kamiran F, Karim A, Zhang X. Decision Theory for Discrimination-Aware Classification [C]. Proceedings of the IEEE Inter-
national Conference on Data Mining. 2012: 924-929.

(3Noble S U. Algorithms of Oppression: How Search Engines Reinforce Racism [M]. New York: NYU Press, 2018.
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HEATH P WL ERL: ERILH 5 LEESR
JE SR INEE SO F T B BB R — AN, FTRESE R AR A B ASIEHRD, Liu S5 00
FHRR, ERMELMETR, B1E B JFRABHAI AT, T HM KRS IS, Rifinl 4
TE KPR EAZ B AIIRIE — X — A EHETHIERRN” MR T 200 WA B R B 5 A HEe % TR
z—,

FEEERBE: BRAS” B, ER AR ERES A MRSTIRHES | BA T
2 HNTHY” — TREH R EHUT— IR T CAEERR, BARAEARBER “MHHARAF
(5E, AT, IR R A A SRR A B AR AR R, KRNI TC S
B T SRR A OG0 S RN 2% —— R — MRS, Wi — MAZIIC B -Bra
H: MERSE GRTS MNEEA, EEMNREE VLTS WNEEa®, 4 TRIRER T
B R— AN IATAELI R, f/hSzhs R AN BRI B %" T — R 35—
AL IEL R LRI R BE RS S AR, R AL,

BIUEERER: “4Aat Al EREEE", Bi% ChatGPT. Claude. Gemini FAXIEZHA! (LLM)
HERETRIELRIBIE, ERISAEIE ARG RO, S50 ERISA—Tie
ST, TR B AR R R R/ FRINE B, BB — N EEIRRSE (A
“ERRARRER”) B— ESUMERIE, AT, ERE AL R RS E RS S SOR, HA iR
AR =N PR ES B ANRE L, MOORI 2 4E, 24— LLM 22 O i aiie R s, Him
ATRERIUN D HNE S 2R, BT ZER, BN 22 5l 6 F B BIRE R S R — X e 3% B
JUT AR BT RERAT TN B A TSR R, QA A A X i “FER” AF, BRiTEY
R AR E AN AR A EO,

gy, BEERIEAMEI— AN TARTER, EREN. & OB R 78 T B AR A AR
FAMME: SRR A B AR T 5 MR R BRI 22 5, 6 —S63(E AL N FPES T )
MR KB ROR, AT, SRR N EE BE RN Ry —fidE “BmFERs—" —
SRR RNERE R, (R R R T AL Sk 2 iROR R RETERERA B R BT B, it
B SERARTBOR “fRh” —ANAJR LR 2-BOamin e, stgitE (R EZK YAl —15% H L
SRR | R R — AT DU IN Bk, (BRI, EErae@dslE “Bgni” Mg
MR ELE AT, IERIX—IAR, BT R4 BRI 16 “ ANRIGE” 10 R R
LR,

A TERIER” HBRT AN “BERBEEATY BERGRENEI: =RE BT —HE
RIS “ BRI, BT R RS — DRI 5 b, EERT B — BRI AT — M T, TE
IR ILEIRE “4)) LE—/NE—WIh— i — k2" XM RN, —MEINEN B E R
MRS, AIREIERT LI T RHAMIN A — (B EM Lie CERTEE L) MR b
25) WHRFERGMUEMRIA, ALIXF “FRATE FEEAHRE EE PR ETE, “R
JEMEAT” SRIGARE “AURER, MR “EEESEREE —XEERARFENFIARR. bl s
WA NI EA,

(DLiu L T, Dean S, Rolf E, et al. Delayed Impact of Fair Machine Learning [C]. Proceedings of the International Conference on
Machine Learning. 2018: 3150-3158.

(QFriedler S A, Scheidegger C, Venkatasubramanian S. On the (im)possibility of Fairness [J]. arXiv preprint arXiv:1609.07236,
2016.

(3Liang P, Bommasani R, Lee T, et al. Holistic Evaluation of Language Models [J]. Annals of the New York Academy of Sciences,
2023, 1525(1): 140-146.
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ATHRBETE F2H£5 1 H

fi. M\ “BEER” 2] CAPLPHRETGRE” : e S KRR

BIPU T R EE 7R R THE Al Bk R 25 W ERE 2SR CGE—19), &F
IEEZNEFRER (B 27), SIHHHIGELAUR 240 GE=17), MBoRZEmWATRE ) 2 AERA ML
B (BT, XL EFE R — A AT [EAY LSS . 205 AL B9 P RS BRI J Jy — D 4lRE
BRI, EFRE—GMN “BEEA" 3| GHEARST VR —mIX B R AT EIe R AL
F i,

(—) NERZE 3 XAHEA: gty “BikBENE"

FORZE EF X (Techno-Solutionism) J& —FRIEFE R Z LM, B8 EE— MR- —
T HARR L ARE., £ 48 Z—HA] OB AP R AR MEHRD, Evgeny Morozov X AMEiIAIHE Bt
RS N — DA AT ROY” BIPsh, 1E AIEd U, FoRE B HIANEER: “BiEA R
D2 AREE A E L RIE R ERR IR " IX—TEBRER T BB — DA LRt -Baar mE
T—NAEEOR A, NIRRT S RIHIE BN AR R 3 H I P RS 3 T BORRE SR B A S8 = v,

FORE EFENAEHE Al JBHRINEEDE LT =/, M2 “HE2EIENE": I\ W25
EARREIR R ENLR, REWEE 2, Eam. HalRrEdE, RIS BREKL, X—/REHER
& 75— ELIRIER RO R —BME R — MES T L AR U A O EdES, REYEtaAsy
ARSI TR, BRI & R W, 58 A2 “BarEkiE” v aiEEZ i A
PR, BRANERIEARIEARERE, HERIERRSGED, ZHE—REEE A R X R R
RTTHR, IX—BCEEE T A FARRTREER” M RUE — AR A TR Z AR NTET JE A2
FORBED AT DATEMRRY, T2 RS AR 5 B 2 4EMERRE (S TE IR AT LA R e i, 55 =Fh2 “1ERH
JERRERER": NN HEE IR % IH— BT A ANHRERR M R WA A — 1 DL AL 1S 2ok, 2R
M, ZEAHE RSN, EimdEseon &t BME—DEENRASGE 2RI T, WERER = E AR
BRI, HE (R TR RS TREB ISR I W,

XHEORZE EF M HAFABRE LR R TCHNEEFN, MRk, ATILRE: BRERHASR
SN AECERATAH R AR 57, BB AR AN — B8 R B - EEAEZR 2 T A RE R AE H R AR . K
RN “RITTFR” EFEMN “THZ—", RNEEKTHERRHAL, M2 e 7 —DEgsE. =
IATHFEIALE o

(=) NIRRT B2 S B T

HE Al RGP HIEME X RE—FKE, 7P, W, W&, SR —E BN “ATER
H” (Human-in-the-Loop, HITL) [FN: BIEATDAMERORAT “HiBha™ 1 “@lEE", (HR&RIH]B
R BEAE B TR, E S RRIRE I AMC AT R RBE TIEE F,

HITL JFMAEIS SEMRB NN T, 55—, INHICHEE: ZE RN ATRHEZ & E IR R
(Context—Dependent)o — AR “CERES” RNRES R —H B IRRII SR & — TP R R AR
WA, FIFER RIS, OFREERAT R M RS R R TR w2 mie R R, BUi—
Fenl2 524 7 KRR FAE—FrERA “FRMEFIR” (Tacit Knowledge) ATARSHIEHAT
TR RHIAARRIED, B, CFICHERE: KT NNaSIIR 2 BB A — N A E SR A
BIERG, TRACH ERAAEZN, BiEAR N HIRERAEFAE—ERARR. REEE. &
HIEERES . WER— ARy FER R T A R o iR BN B B B FE, R NIX—ER M

(DMorozov E. To Save Everything, Click Here: The Folly of Technological Solutionism [M]. New York: PublicAffairs, 2013.

(2)Ananny M, Crawford K. Seeing without Knowing: Limitations of the Transparency Ideal and Its Application to Algorithmic
Accountability [J]. New Media & Society, 2018, 20(3): 973-989.
(3Polanyi M. The Tacit Dimension [M]. Chicago: University of Chicago Press, 1966.
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BEATH P EERIL: £RIlH 5REER
51? RIEA S AREPOETT, RILOHE — M REBHOE ST AR I TR RS 2 o

SRIM, AXNEER “B— D ANIEH” 2B —HITL JRNGES EIEZEEM, BURT “N” 24 E%
JESIIREHIFIR 1 RS BIR A3 BOIA TS B MERY B &G 2R, BFFTERAH, “Eahim " (Automation Bias)
— BIB9S0 2R G0 HH 7 240 1 B T T — 2 HITL ki o, 75
LEGsT, D LENETIE, BRZFIRRFFHEUN, X —DEFRET “REE™ 1 /et RR” /9 Al
Rgren iy “BleE” @I, ATREMIR T A AR 2 —IX (1T “ AFEIR” 5208 “ AFE55M” (Human-
on-the-Loop), HITL HIERIFIIRETEIRI M 15,

Klte, HITL [RUATE LR D TRE =R AR AT, 58—, FIRsIFHIRHIR L Z0mf
BEEHE NI Z RIS, HRRE IR Al RGAVEAR TIEREE, PRI WA R A, TR
Al BAY AT EENE, FRERL TN MRS T AT BIHTL LI, 25—, HOUHIHIE L ORRE : BOmFIZE4:
IR T AL PSR H BUEERT FR IR Y IE SR —AMUZ “A] DIARIR", T AR E iR
Al FPEBGHRSE MR ANEAINT, B=, IRFIGEIRIIARE: HITL BRERE 200 T 2 A A Y
IFRISR A AL RUREN, RS2 AIT, T SROTREE —Un SREUM Y TR D E40d B, HITL gl AATRE
M TR U 2 e — s

(=) BERRGHIHSZN: WMAT TSI R 5

AAREE LM AR IR ZR IR A MR R AR S 2 T, R — R A DTSRRI — X S T —
PERGERERBRTT REFFLANMEIGEEE 2 b BREE Al RER ZEA U R i 7R R
SIS AN

ASCEW, B—PRMERA AIEd RENEFINE QHERLEITEERN] REZX, BERER) #
R “BEEIEIRHZERS” (Education Algorithm Governance Committee, EAGC), EAGC 42—
PNEEFRIE RN, HlRED MRS BHEEE REEFT W) HERYER GRAERE
D), AT R (RMEM®ER), EEE GREMNEDT) . KRAEK GEHEXNA) MFEERE
(RZENE Ao EAGC FIRLLIRREN (LS : B &R AIEd RO A PTGk S, WECHE
RGRHFEL AR, 2R B 20m, FAMR KRR R, A RmR “Rik
BRI O,

EAGC #BARFRILEAR B Selbst FHEFR AT “HRBAFRS” (Sociotechnical Systems) HEZE, %
REZRAODIERUE: FIRAPEARRES R, i B SR MITIE—— D RER S “AF7, MY
BURTHEEE RN, EERTEMmANHRGEN, PR, DRERFEimf BA AR, Fit, &
TRIGERREIUUZ “BORIGE”, HUE “HEUEM” —EREMHLABHE L LMWL, Pl .
2V 1 DAL 1) B it DAL 1) 7 RS 71 P2 i 2

(M) Bkt S ET %

SHTEER AIEd TREE R I =K TB MRS R0, B REEETRRTUR T HR e RBGa AU RTERE
iz,

WX B2 AR AL RO 5. L AR RETRR) MORIBRE TR, R 7 2R N ARG
HML) AL TR, TEBEWUR, R TREG PEAEFIRAT AL RGN “EXER” 2800, ZRIT
REERGRNERRTOAE RN IR, B R EEAR, MR ENHRE a7, X—ER
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Algorithmic Bias in AI-Powered Education: Mechanisms and Governance

Yong DING

VVey[czng University of Science and Technology

Abstract With the rapid expansion of artificial intelligence in education (AIEd), algorithmic bias has become
a critical challenge for educational equity. Taking AIEd as the analytical context, this paper examines the gen-
erative mechanisms and governance strategies of algorithmic bias from a socio-technical systems perspective.
The study argues that algorithmic bias in educational Al is not merely a technical defect but a cumulative
reproduction of structural inequalities across the entire pipeline of data collection, model training, system de-
ployment, and human-machine interaction. A full-pipeline analytical framework is developed to identify four
sources of bias: data bias, model bias, deployment bias, and interaction bias. Building on the literature of algo-
rithmic fairness, the paper further analyzes the tensions among group fairness, individual fairness, and causal
fairness. The study proposes the concept of developmental equity, emphasizing that fairness in educational Al
should be understood as a dynamic process oriented toward learners’ long-term development rather than a

static statistical balance. Based on this perspective, a multidimensional governance framework—including data
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auditing, model auditing, impact assessment, and institutional regulation—is proposed to support responsible

development and governance of Al in education.
Keywords Al in Education; Algorithmic Bias; Developmental Equity; Algorithmic Fairness; AIEd Gover-

nancey
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